High-frequency oscillations in local field potentials recorded with intracranial EEG are putative biomarkers of seizure onset zones in epileptic brain. However, localized 80-500 Hz oscillations can also be recorded from normal and non-epileptic cerebral structures. When defined only by rate or frequency, physiological high-frequency oscillations are indistinguishable from pathological ones, which limit their application in epilepsy presurgical planning. We hypothesized that pathological high-frequency oscillations occur in a repetitive fashion with a similar waveform morphology that specifically indicates seizure onset zones. We investigated the waveform patterns of automatically detected high-frequency oscillations in 13 epilepsy patients and five control subjects, with an average of 73 subdural and intracerebral electrodes recorded per patient. The repetitive oscillatory waveforms were identified by using a pipeline of unsupervised machine learning techniques and were then correlated with independently clinician-defined seizure onset zones. Consistently in all patients, the stereotypical high-frequency oscillations with the highest degree of waveform similarity were localized within the seizure onset zones only, whereas the channels generating high-frequency oscillations embedded in random waveforms were found in the functional regions independent from the epileptogenic locations. The repetitive waveform pattern was more evident in fast ripples compared to ripples, suggesting a potential association between waveform repetition and the underlying pathological network. Our findings provided a new tool for the interpretation of pathological high-frequency oscillations that can be efficiently applied to distinguish seizure onset zones from functionally important sites, which is a critical step towards the translation of these signature events into valid clinical biomarkers. Keywords: epilepsy; high-frequency oscillations; seizure onset zone; intracranial EEG Abbreviations: DCS = direct cortical mapping; f/o/sHFO = HFOs inside the functional area/inside the SOZ/outside the SOZ; HFO = high-frequency oscillation; iEEG = intracranial EEG; SOZ = seizure onset zone
Introduction
Resective epilepsy surgery can fully control seizures in selected patients with seizures that are refractory to medications (Engel et al., 2003; de Tisi et al., 2011) . Surgical removal of the seizure onset zone (SOZ) often requires electrophysiological recordings of habitual seizures using intracerebral ('depth') and subdural macroelectrodes, placed in hypothesized candidate sites of seizure onset (So et al., 1989; Engel et al., 1990; Henry et al., 1999; Brna et al., 2015) . Accurate detection of an epileptogenic zone is generally accomplished through intracranial electroencephalographic (iEEG) monitoring over an extended period of time and detailed visual inspection of these local field potential data by medical experts. High frequency oscillations (HFOs, 80-500 Hz) recorded in iEEG have been proposed as promising neuro-biomarkers for epileptogenic tissue. Studies over the last decade have shown that HFO transients are significantly correlated with ictogenesis (Allen et al., 1992; Jirsch et al., 2006; Urrestarazu et al., 2006; Zijlmans et al., 2011) . Despite the potential benefits, it is still challenging to introduce HFO results in clinical practice. Multiple reports indicate that HFOs can be generated not only by epileptic cerebral tissue but also by non-epileptic sites often including motor cortex, visual cortex and language areas (Sinai et al., 2005; Nagasawa et al., 2012; Matsumoto et al., 2013; Kucewicz et al., 2014) . The co-occurrence of pathological HFOs and physiological HFOs may interfere with the delineation of ictogenesis and increase the risk of injury to functional areas, as the spatial distribution of physiological HFOs can correlate with brain regions that are not responsible for seizure generation but functionally important and need to be preserved during resection.
Discrimination between physiological and pathological HFOs is incompletely understood at present. Spectral frequency alone is not a reliable differential feature (Bragin et al., 2007; Kö hling and Staley, 2011) , as pathological HFOs may contain significant spectral power in the ripple-band (80-200 Hz) (Traub et al., 2001) , which had been historically linked to physiological activities (reviewed in Zijlmans et al., 2012) . Further, fast ripples (200-500 Hz) have been observed in normal brain structures associated with visual perception, which also complicates the clinical use of HFOs as valid biomarkers to guide epilepsy surgery (Jacobs et al., 2008; Dü mpelmann et al., 2012; Kerber et al., 2014) . Several recent studies investigated differences between HFOs discovered inside and outside the SOZ (Melani et al., 2013; Kerber et al., 2014) ; others compared pathological HFOs with oscillations induced by motor/ visual tasks or cortical stimulation (Matsumoto et al., 2013; Nonoda et al., 2016) . The investigators generally performed visual marking of HFOs in a predefined subset of data, then looked into features related to the rate of HFO occurrence, amplitude, duration, frequency, and their interaction with slow waves or baseline activities; some also attempted to differentiate between epileptic and non-epileptic HFOs using supervised classifiers based on the abovementioned features (Nagasawa et al., 2012; Alkawadri et al., 2014; Burnos et al., 2016; von Ellenrieder et al., 2016) . Although some of the features presented group-wise statistical difference, these features poorly discriminate epileptic and non-epileptic HFOs in individual subjects and so cannot yet be used to improve clinical decision-making.
In our prior study, we proposed an automated HFO detector based on clustering the time-frequency features of candidate events for the quantitative process of massive iEEG data produced by continuous recordings (Liu et al., 2016) . Based on initial visual inspection within the identified HFO clusters we observed that HFOs generated from seizure onset zones tended to be similar in wave shape, and repetitively occur throughout the recording, compared with greater qualitative variability of HFOs in other sites. We hypothesized that pathological HFOs occur in a repetitive fashion with a similar waveform morphology that specifically indicate seizure onset zones. Here we expanded our previous method and by using a pipeline of unsupervised machine learning techniques we captured a new pattern of HFOs with highly stereotyped waveforms in large iEEG recordings automatically. We investigated these 'clones' of HFO waveforms in 13 patients with focal epilepsy and five control patients with brain tumour but no epilepsy, where subdural electrocorticogram (ECoG) grids are implanted for the mapping of the eloquent brain regions. In particular, we aimed to clarify whether the recurrence of similar HFO waveforms is exclusively linked to seizure focus, such that it can be used to facilitate the discrimination between SOZ and other functional regions.
Material and methods

Patient population
Eighteen subjects were included in the study (12 females), including 13 patients with intractable temporal lobe or extratemporal neocortical epilepsy (Patients 1-13), and five control subjects with brain tumour but no epilepsy who went through intraoperative functional mapping in an awake surgery (Controls 1-5). The inclusion criteria for epilepsy cohort consisted of the following: patients with intractable temporal lobe or extratemporal lobe epilepsy who went through iEEG monitoring with video after the implantation of subdural grid or depth electrodes in University of Minnesota (UMN, Minneapolis, Minnesota), Istanbul Faculty of Medicine at Istanbul University (IU, Istanbul, Turkey), and Texas Children's Hospital (TCH, Houston, Texas) . This yielded a total of 13 patients, including 10 adults (aged 30-53 years) and three paediatric patients (aged 3-18 years). Additional data were collected using the same recording system at Istanbul University and MD Anderson Cancer Center (MDA, Houston, Texas) from five control subjects with brain tumour but no epilepsy history who underwent intraoperative cortical stimulation to identify the functional cortex. These subjects were involved for the investigation of non-epileptic HFOs originating from functional regions. Data collection and scientific workup were approved by the Institutional Review Board of each institution.
Electrode placement and intracranial EEG recording
In the 13 patients with epilepsy, a combination of surface and depth electrodes were implanted to the possible irritative sites for the accurate delineation of the SOZ. Subdural grid arrays were placed over the functional region in 10 subjects to give a sufficient coverage of the eloquent cortex (Patients 9-13 and Controls 1-5). Post-implantation MRI/ CT or intraoperative photos were taken to determine the electrode locations in all subjects.
Multichannel iEEG data were obtained with 2 kHz (at UMN) or 2.4 kHz (at IU, TCH and MDA) sampling frequency and 24 bit A/D resolution using g.HIamp system (g.tec Medical Engineering) with an anti-aliasing filter set to 600 Hz. For Patients 1-13, continuous iEEG signal was recorded for 2-4 days in the EMU simultaneously with video monitoring throughout the period. For Controls 1-5, data were recorded intraoperatively in the awake state for 40-50 min. In four of our control patients (Controls 2-5), ECoG electrode grids with more than 100 contacts (4-mm centre to centre spacing) were used to cover peri-tumour area and to map the functional regions. In these control subjects, we recorded extended length of baseline/resting period (10-15 min) followed by 30-35 min of functional tasks in the operating room, where the subject stayed awake during the entire recording and executed a functional task such as hand/arm movements or responded to an external stimulus such as touching hands/fingers. Then a direct cortical stimulation (DCS) procedure was executed to find functional cortical areas.
Delineation of the seizure onset zone and functional regions
For the epilepsy cohort, the seizure onset channels with earliest ictal discharges were visually determined by neurologists based on the long-term video iEEG monitoring. In 10 subjects, functional regions were defined by cortical mapping, which was performed as a part of the clinical routine, including five patients with epilepsy where the implanted grid electrodes covered the motor/language areas, and five control subjects without history of epilepsy. Specifically, the functional areas included motor cortex (Patients 9, 12, and 13; Controls 1, 2, 4, and 5), somatosensory cortex (Patients 11, 12, and Control 3) , and Broca's area (Patient 10). DCS was conducted between pair of contacts with a current amplitude ranging from 1 to 15 mA, pulse width of 200-300 ms, and duration of 0.2 s, according to the patient's individual tolerance.
Data selection and high frequency oscillation detection
All data were de-identified and transferred to University of Houston for the offline analysis in MATLAB environment (Mathworks, MA, USA). For Patients 1-13 who underwent prolonged recording in the EMU, 60 min of continuous iEEG data in the waking baseline (at least 4 h away from the first seizure) was used per patient according to the clinical annotations to obtain a sufficient number of HFO events. For Controls 1-5, the entire intraoperative recording was used for the analysis.
Detection of HFOs and their waveform patterns was performed by using a pipeline of unsupervised machine learning techniques, which is provided in Fig. 1 . HFOs were automatically identified in all recorded channels using a previously published detector (Liu et al., 2016) with modifications. In brief, raw iEEG data firstly went through an amplitude-based detector after band-pass filtering within the 80-500 Hz range. Short-time Fourier transform (STFT) was then performed on the original raw signal in each remaining candidate, followed by a denoising step to eliminate minor background activities on the time-frequency map. The denoising level, detection threshold and other parameters were consistent with our previous studies (Liu et al., 2015 (Liu et al., , 2016 . For all surviving events, the entire iEEG bandwidth was explored, where three time-frequency features (sub-band power ratio, entropy of the spectrum, and frequency corresponding to maximum peak-to-notch ratio) were extracted and used with Gaussian Mixture Model clustering with k-medoids initialization (Kaufman and Rousseeuw, 2002) to isolate HFOs from spikes and other arbitrary events. The sub-band power ratio after denoising the time frequency plane served as a useful feature to distinguish spikes from HFOs, as HFOs had an isolated component above 80 Hz after denoising but not the spikes. The entropy was used to assess the sharpness of the spectrum, which helped to isolate HFOs from sharp waves or white noise with uniform energy in the spectrum. Finally, the frequency corresponding to maximum peak to notch ratio served as a useful feature to separate subtypes of HFOs with distinct frequency components above 80 Hz.
The cluster number was determined based on the elbow method (Ketchen and Shook, 1996) .
After generating a pool of HFOs, we categorized them according to their spatial origin and group comparison was performed among HFOs inside the SOZ (sHFO), outside the SOZ (oHFO), and inside the functional areas (fHFO) across patients. Classic HFO features including mean frequency and rate of occurrence were also inspected. The detection of recurrent HFO subclusters within sHFO, oHFO and fHFO was implemented using the procedures described in the section below.
Detection of stereotyped high frequency oscillations
Following a visual inspection of HFOs in a few subjects, we observed that HFOs originated from epileptic tissues tended to occur repeatedly with similar waveform morphology, raising a presumption that pathological HFOs might produce compact subclusters in the high-dimensional native space, with each of the subcluster being a group of events that shared the same waveform pattern. In comparison, HFO members detected in non-SOZ areas were assumed to present irregular wave shapes with relatively large intra-cluster distance in native space. To uncover this underlying pattern in an objective and unbiased manner, we performed the detection using the density-based spatial clustering of applications with noise (DBSCAN) approach (Ester et al., 1996) . The original algorithm was designed to identify dense regions in a dataset by grouping data points neighbouring a 'core point' within a certain radius 'epsilon' (e). The radius also represents the distance between two events (measure of dissimilarity). The 'core point' is defined as a point with its neighbour count exceeding a user-specified threshold MinPts. After isolating the HFO events with the Gaussian Mixture Model method, we executed DBSCAN algorithm to capture subclusters of stereotyped HFO waveforms. Specifically, we implemented the algorithm in different HFO groups (sHFO, oHFO and fHFO) with an increasing sequence of e, computed the Figure 1 Data analysis workflow. After initial amplitude-based detection, HFOs were isolated from other events by using a clustering-based approach with time-frequency features. The resulting HFO clusters were then categorized by their spatial origins for a group-wise comparison of the repetitive pattern after computing the clustering ratio curves (bottom right). Finally, the stereotyped HFO patterns were blindly projected to the brain, the spatial distribution was correlated with the clinician-defined SOZ and functional regions.
corresponding number of subcluster (N SC ), and visualized the estimation result by plotting the curves of clustering ratio (N SC versus e), which is the change in the number of detected subclusters within each HFO group for different distance values. The initial e was assigned to 0, with MinPts of 1, such that each HFO event in the group was taken as an individual subcluster at the first place. Given that closely spaced points would be merged instantly as the cluster radius e expanded, we expected to observe an immediate drop in the N SC value in sHFO datasets with repetitive waveform patterns (Fig. 1) . Thus, the difference in waveform patterns among sHFO, oHFO and fHFO groups can be quantified by comparing the area under curve (AUC) between groups. The estimation was executed in HFO data after removing the low-band component below 4 Hz. The dissimilarity between pairs of the signals was computed using Euclidean distance. Before computing the distance between two HFO events, they are aligned with each other using the index corresponding to the maximum absolute cross-correlation. Specifically, we calculated the cross-correlation function for different lags ( AE10 ms) of two signals and used the lag that provided maximum absolute cross-correlation value to minimize the influence of phase shift between two similar events during distance calculation.
Identification of seizure onset zone using stereotyped high frequency oscillations
In this stage, we investigated if stereotyped HFO waveform patterns could be used in the discrimination of SOZ and eloquent areas in a blinded fashion. This was done by executing DBSCAN in all HFOs recorded from each patient without grouping them according to their origins, and quantifying the change in spatial distribution of HFOs when the degree of signal dissimilarity increased. After using the Gaussian Mixture Model clustering in 3D feature space on the entire candidate event population and forming the HFO pool, we identified repetitive HFO waveforms in Patients 1-11, using an increasing value of e from 0.05 to 1 and a fixed MinPts of 3. At each e level, the algorithm discovered subclusters of stereotypical HFO waveforms with intra-cluster distance smaller than the current e. We computed the proportion of clustered HFOs inside the SOZ, inspected the spatial distribution of HFOs with and without a repetitive waveform pattern, and discussed their correlation with SOZ and functional regions. For each patient, the spatial maps of HFOs were projected to a 3D model of the brain, which was generated after the coregistration of post-implantation CT image and the individual's MRI. Finally, we sought to clarify whether the highly correlated HFOs (i.e. clustered by DBSCAN using a small radius) give specific information about the SOZ, and evaluated the predictive performance when these HFOs were used for SOZ localization. More precisely, we determined the number of channels with repetitive HFO patterns (CH R ) and without a repetitive pattern (CH NoR ), and then evaluated their relationship with SOZ channels by calculating the sensitivity, specificity and accuracy (Burnos et al., 2014) , which were defined as:
Statistical analysis
We compared the HFO rates, mean frequency, the minimum clustering radius and area under the clustering ratio curve inside and outside the SOZ using a two-tailed non-parametric Wilcoxon signed rank test with a confidence interval (CI) of 95%. A Wilcoxon rank sum test was carried out to compare the signal characteristics between fHFO and the other two groups across patients. The same test was also applied for the comparison between epilepsy and control cohorts.
Results
Seizure onset zone identification and functional mapping results
Demographic and clinical information for all subjects is provided in Supplementary Table 1 . In each individual subject 28-120 channels were implanted and recorded by the system. SOZ was visually identified by neurologists in 11 patients (Patients 1-11) after electrode placement and the following long-term video EEG monitoring. In each patient, 2-14 channels where the earliest clear electroencephalographic discharges started were determined by the neurologists and marked as the SOZ. As a result, 92 of 1309 channels were defined as the SOZ, accounting for 15% of the channels in Patients 1-11, and 7% of the total recorded channels. Surgical resection was tailored based on the SOZ delineation on an individual basis. After 12-24 months of follow-up, at the time of writing (May 2017) all patients received significant seizure reduction with Engel class I or II outcome (Engel, 1987) . In two patients (Patients 12 and 13) the SOZ could not be identified after initial implantation. In these cases the grid electrodes covered eloquent areas of the brain, and the data were used for functional HFO analysis only. Two patients (Patients 2 and 8) were not treated with resective epilepsy surgery. Patient 8 was implanted with an RNS device, which provided 80% reduction in seizures. In Patient 2, SOZ was defined through prolonged EMU monitoring, and the patient became seizure-free persistently following the removal of intracranial depth electrodes. Patient 2 did not have any new lesion that was detected with MRI following electrode removal. The phenomenon of prolonged remission of intractable partial epilepsy following implantation of intracranial electrodes is rarely encountered, but has been established as a definite clinical syndrome (Katariwala et al., 2001) . The pathophysiological basis of this phenomenon is not entirely known; some evidence suggests that small cerebral injuries incurred by electrode implantation may permanently alter ictal initiation or propagation sites, even though postoperative brain MRI may not detect new iatrogenic lesions, which can be quite small. DCS was performed in five patients with epilepsy (Patients 9-13) and all control subjects (Controls 1-5) intraoperatively to map the eloquent cortex. Functional responses were detected in primary motor cortex (Patients 9, 12, 13, and Controls 1, 2, 4 and 5), somatosensory cortex (Patients 11 and 12, and Control 3), and Broca's area (Patient 10). The total number of channels with functional response was 138, accounting for 11% of the recorded channels, with 2-34 contacts being identified per subject.
Unsupervised high frequency oscillation detection
Across 16 subjects, 28 832 events were captured in the 16.5 h of recording during the amplitude-based detection stage, generating the initial pool of candidates. In each patient, the events in the candidate pool were categorized into two to four clusters in 3D feature space using the Gaussian Mixture Model method, which generally consisted of one or two clusters of HFOs, with other clusters being mixtures of irregular waveforms or artefacts. In the epilepsy group, one additional cluster of spikes was identified consistently per patient. This step helped us to successfully isolate HFOs from spikes and other events. The scatter plots of two representative patients (Patients 3 and 9) showing the distribution of detected events in 3D feature space are given in HFOs clusters are marked in blue. For each patient, four random HFO samples from the cluster are displayed with raw data, the high-pass filtered signal (480 Hz) and the time-frequency maps showing the high frequency components above 80 Hz. The spatial distribution of the identified HFO cluster is given on the electrode sketch in the last column. Higher HFO rate is represented by darker shades. In Patient 9 (P9), the HFOs were generated from both the SOZ (marked by red line) and functional area identified by DCS mapping (marked by blue line). LA = left anterior; LAT = left anterior temporal; RA = right amygdala; RH = right hippocampus; P/N = peak to notch ratio; P3 = Patient 3.
from the functional area in Patient 9 evidences that HFO rate alone will not be sufficient to identify the SOZ in certain cases.
Comparison of high frequency oscillations originating from different locations
In total, 13 011 HFOs were isolated by the unsupervised detection based on the Gaussian Mixture Model and were investigated in the subsequent analysis. The number of HFO-generating channels in each patient ranged from 9 to 77. In epilepsy patients with clear SOZ definition (Patients 1-11), HFOs were found in 60% of the channels. In Patients 12 and 13 and Controls 1-5, where the electrode covered the functional cortex only, the HFOs were located in 38% of the recorded channels. Based on the SOZ delineation and functional mapping results, the HFO candidates were first grouped according to their spatial locations. Overall, 41% of HFOs were detected from the seizure onset channels in Patients 1-11 and were named as 'sHFO'. In these same patients, 32% of HFOs were detected from other brain regions excluding the SOZ and functional regions. These HFOs were denoted as 'oHFO'. Finally, 19% of the HFOs were recorded from the functional regions such as the motor or language cortex in 10 subjects, where functional mapping was performed, and hence were labelled as 'fHFO'. The remaining 8% of the HFOs originated from cortical regions out of the functional locations identified by the direct cortical stimulation in control subjects, and were excluded from the analysis to maintain consistency.
In Fig. 3 we provide boxplots showing the comparison among sHFO, oHFO and fHFO groups in terms of mean frequency and the rate of occurrence in each individual patient with SOZ definition. In all patients, the HFO frequency ranges were largely overlapped. Although for many patients the rates of sHFO and oHFO were clearly distinct, in Patients 6 and 7 the channel with the highest HFO rate did not correspond to the SOZ; in Patient 9 the channel over the functional area had HFO rates larger than the SOZ. Overall, the sHFO events possessed higher mean frequency compared to the other two HFO types (sHFO = 154 Hz, oHFO = 146 Hz, fHFO = 150 Hz, P 5 10 À3 ), with substantial overlaps across groups. The average rate per channel for sHFO = 1.2/min, which was significantly higher than oHFO (0.2/min, P 5 10
À3
) but comparable to fHFO events (1.0/min, P = 0.4). The rate of fHFO was also significantly higher compared to oHFO (P 5 0.01).
Stereotyped high frequency oscilaltion waveform patterns
We executed DBSCAN clustering in sHFO, oHFO and fHFO groups in each patient to identify subclusters of repetitive HFOs with similar morphometric waveform patterns, without prior knowledge on the shape of the raw signal. Highly stereotyped HFO waveforms in varying shapes were observed from single or multiple sources in individual patients. In Fig. 4A we present examples of repetitive HFO waveform subclusters and HFOs without a repetitive pattern in five patients, where the seizures started from hippocampal structures (in Patients 1 and 2), neocortical temporal lobe (in Patient 3), parietal lobe (in Patient 9) and frontal lobe (in Patient 10), respectively. For each type of HFO, four individual samples and the pile plot of events in the same subcluster are shown, along with the averaged time-frequency map. The origin of the presented HFOs are marked on the electrode contacts in red if it's inside the SOZ, yellow if it's outside the SOZ, or blue if it's located inside the functional area. As shown in Fig. 4A , in each patient the HFOs commonly associated with repetitive waveform patterns in the form of slow waves, spikes or sharp waves resigning in the low band. These repetitive waveforms with HFOs were recorded from a subset of SOZ channels, which was distinct from the unclustered HFOs appearing more frequently with oscillating background activities and not correlated with the SOZ.
To give more insight into these stereotypical waveform structures, we visualized the distance matrix of HFOs by plotting a circular network for each HFO group. In Fig. 4B , we first provide the results obtained from 13 HFO samples, which were manually selected based on their waveform morphology. In the network, each node represents a HFO observation, which is connected to other samples by edges in different shades indicating the strength of the relevant connection. In our case, a strong connection provides smaller Euclidean distance demonstrating higher similarity between two HFO candidates. HFOs with very similar waveforms provide linkage in darker shades. The connectivity of subsets of events in one representative patient (Patient 9) is shown in Fig. 4C , where HFOs were detected inside the SOZ, out of the SOZ, and from the functional sites of this patient, respectively. The result suggested a much stronger correlation between events in the sHFO group compared to oHFO and fHFO groups. The 'gap' in the network graph indicates that at least two distinct patterns exist among the presented sHFO candidates, each of which shared compact intra-subgroup connectivity but barely correlated with the other pattern. Quite weak connectivity was observed in the fHFO network compared to the other two groups. These results suggested that with different distance thresholds SOZ could be distinguished from functional and other regions by investigating the HFO waveform similarity between the captured events. Figure 5A displays the curve of clustering ratio (N SC versus e) for three representative patients. The number of subclusters (N SC ) is normalized to the total number of events in each HFO group. For a distance e = 0, where the constraint is to have identical waveforms, the number of subclusters is equal to the number of events. As the e or the radius of possible subclusters increased, the N SC values started to decrease for all groups but dramatically faster for sHFO events, where we consistently observed subclusters of recurrent HFO waveforms for moderate distance values (e 5 0.5). The averaged plots in Fig. 5B were computed from sHFO and oHFO groups in 11 patients, and fHFOs in 10 subjects with functional mapping. We noted that, in all cases the N SC values for sHFO exhibited a sharper decline as soon as the cluster radius reached a relatively small value (%0.1). For oHFO and fHFO groups, by contrast, the initial e Figure 4 Continued regions out of the SOZ. In Patients 9 and P10, while recurrent HFO patterns were seen in the SOZ (temporo-parietal and frontal region), the irregular HFOs were mostly seen in the functional motor cortex. (B) Circular network visualizing the distance matrix in 13 HFO samples. HFOs (nodes) are connected by edges that indicate the Euclidean distance (dissimilarity) between two events. While highly correlated similar HFOs provide linkage in dark shades, HFOs in distinct shapes provide weak or invisible connections. (D) Circular networks in three groups of HFOs, each being composed of 30 events recorded inside the SOZ, out of the SOZ, and inside the motor area in Patient 9. The compact connectivity and the blank space in between suggest the existence of two distinct patterns in the sHFO group. The connectivity is weakest in the fHFO groups compared to the other two suggesting the non-repetitive nature of fHFOs. where individual observations started to merge were significantly larger, as with the AUC (P 5 0.01) (Fig. 5D) . The difference was more evident between sHFO and fHFO groups (P 5 10
À3
). The initial 'plateau' in the curves of fHFO group implied a relatively large and uniform spacing of the members, which then gradually fell to the bottom. The comparison of initial clustering radius e between oHFO and fHFO also showed significant difference (P 5 0.05), suggesting that fHFO events may exhibit greater variability in signal shapes. These results indicate that SOZ tend to produce stereotypical HFOs with quite repetitive waveform morphology whereas the HFOs occurring in functional areas are relatively irregular in their wave shapes.
Comparison of high frequency oscillations in epilepsy patients and the control group
We sought to determine whether the functional HFOs recorded from controls also followed the same irregular waveform characteristic with those recorded from patients with epilepsy. A total of 3207 HFOs were recorded from the five control subjects and 73% of these HFOs were detected from the contact locations identified by DCS, whereas the remaining 27% of events were located at the surrounding cortical regions. The fHFOs recorded in control subjects were compared with the sHFOs in 11 epilepsy patients, as well as the other fHFOs recorded from the motor/language areas of the five epilepsy patients. Figure 5C demonstrates the clustering ratio curves of fHFO in epilepsy and control cohorts. The AUC and minimum clustering rate for fHFO in control cohort were comparable to that of the epilepsy cohort, both of which were significantly larger than sHFOs (P 5 10
À3
). Similar to the fHFO events of epilepsy patients, the fHFOs of control subjects did not build subclusters at low distances suggesting that their waveforms were random and non-repeating. These results indicated that fHFOs generated by the motor cortex in controls possessed similar characteristics with fHFOs of epilepsy cohort and could be differentiated from sHFOs by using the clustering ratio analysis.
Spatial correlation of high frequency oscillation waveform patterns with seizure onset zone and eloquent cortex
To explore whether the HFOs with repetitive patterns could distinguish the SOZ from functional regions, we identified stereotyped HFO waveforms within the entire HFO pool in those cases where the electrodes also covered the eloquent cortex. Based on the clustering rates given in Fig. 5B , at a radius of 0.5 we noted around 70% of sHFOs had been merged with other similar events forming subclusters, whereas 92%-95% of fHFOs remained unclustered. Consequently, we set the radius e to 0.5 and visually inspected the spatial distribution of clustered events and those ones that had not been assigned to any subcluster using e = 0.5. Figure 6 provides representative data showing HFO distribution in those cases where the grid electrode covered SOZ and functional areas (Patients 9 and 10) or functional areas only (Patient 12 and Control 2). In the two patients where both SOZ and eloquent cortex were included, while the channels dominated by repetitive HFOs were found restricted to SOZ, the random shaped HFOs showed distinct spatial distribution suggesting a considerable portion of events located in the motor and language function areas as well as the surrounding eloquent regions. In Patient 12 and Control 2, the spatial maps of unclustered HFOs also pointed the functional motor areas identified by DCS. Overall, the results indicated that at a radius of 0.5, the percentage of unclustered HFOs that originated from outside the SOZ was significantly higher than that of the clustered HFOs (56% versus 32%, P 5 0.01). In Patients 12 and 13, and Controls 1-5, where repetitive HFOs were rarely observed (5 3%, e = 0.5), the non-repetitive HFOs were concentrated around the motor cortex with the majority of them falling into the functional regions defined by DCS mapping.
Localizing the seizure onset zone using stereotyped high frequency oscillation waveforms
We observed an association between the degree of HFO signal similarity and ictogenicity, as events clustered by a smaller e generally pinpointed those channels with higher seizure frequency. Figure 7A illustrates an example of HFO subcluster automatically identified by using different radius (0.15, 0.3 and 0.5) in Patient 9. The SOZ is represented by red dashed lines, while contact locations generating most of the seizures are marked with red solid lines. Interestingly, the spatial distribution of highly repetitive HFOs clustered by a smaller radius also reflected the epileptic brain structures generating most of the seizures.
To investigate to what extent the identification of repetitive HFOs can contribute to the accurate delineation of the SOZ, we detected the stereotypical HFOs for each patient (with SOZ definition) at varying cluster radius (similarity levels). By using the channels involving stereotyped waveforms, the sensitivity, specificity and accuracy were computed at each radius for SOZ identification. In Fig. 7B we give the results of specificity, accuracy, and the proportion of repetitive HFOs occurring inside the SOZ at each e in Patients 1-11. Consistently in all patients, the spatial distribution of stereotyped HFOs showed agreement with clinician-defined SOZ. A specificity of 100% and an accuracy of 86% were achieved when the 'most compact' HFO subclusters were used for the SOZ prediction. In other words, all of the HFOs firstly being clustered were generated by the seizure onset regions. The averaged sensitivity was low in this case (24%, ranging from 11% to 100%), as expected, because the initially identified HFO patterns consisted of a small number of events spatially concentrated to 1-5% of the total channels, making up 0.1-1% of the entire HFO pool (three to seven events per subcluster). Nevertheless, the origin of HFO subclusters with smallest diameter precisely pointed the locations responsible for the initiation of most seizures. As the cluster radius increased to 0.5, the proportion of HFOs inside the SOZ decreased by 10-87% per patient, leading to an overall specificity of 63% (20-87%), a sensitivity of 85% (38-100%) and an accuracy of 65% (25-80%). Further increase in the radius caused a significant drop in the accuracy, especially in Patient 6 where the HFOs predominantly originated from left inferior frontal region independent of the SOZ (left mesial temporal lobe), and in Patients 9-11 where the electrodes covered both the SOZ and functional regions. Using e = 1, as the entire HFO pool was taken into consideration for SOZ localization, the specificity and accuracy reduced to 44% and 52%, respectively. These results suggested that the radius to detect stereotyped HFO Figure 6 Spatial projection of repetitive and non-repetitive HFOs in four patients. In each patient the individual MRI together with the 3D electrode model generated directly from the co-registered CT image is shown. The 'repetitive' events are defined as the HFOs being clustered within a radius of 0.5. The results are shown for Patients 9 and 10 where both SOZ and functional cortex were covered by the grid electrodes, and for Patient 12 and Control 1 where the electrodes included the motor cortex only. Compared to the HFOs identified by using a e 4 0.5, the remaining unclustered HFOs are spatially localized at functional cortex or brain regions distinct from the SOZ.
waveforms had to be adapted to each case for the accurate prediction of the SOZ.
In Fig. 8 we provided the spatial distribution of HFOs before executing DBSCAN (i.e. the entire HFO pool detected by Gaussian Mixture Model clustering) and the stereotypical HFO subcluster identified by minimum distance in 11 patients with clear SOZ definition. For patients who underwent successful resection surgery, we marked the channel within the resection volume to show the overlap between channels generating unclustered/clustered stereotypical HFOs and the volume of resection. In general, 60% of the HFOs before DBSCAN clustering were captured in the resection zone (10-87% per patient), whereas 100% of the repetitive HFOs clustered by minimum radius were generated from brain regions inside the resection zone, which further linked to favourable surgical outcome HFOs that are restricted to the contacts with the highest seizure frequency in Patient 9 (in red solid lines). As the intra-cluster similarity decreases, the clustered HFO provides a larger spatial expansion that extends beyond the SOZ. (B) SOZ identification performance using HFOs clustered by using radius (e) ranging from 0.05 to 1. The specificity and percentage of HFO inside the SOZ achieve 100% in all patients when the most similar HFOs are used for SOZ localization. The numbers of identified HFOs are small, which affects the accuracy of the detection (86% on average). As the radius increases to 1, the overall specificity and accuracy decrease considerably, especially in Patients 6 and 9-11. in these patients. In particular, capturing the stereotyped HFOs made a noticeable difference in Patients 6, 7, 9 and 10 where the electrodes covered eloquent areas or cortical regions distant from SOZ. In these patients, although many HFOs were captured in those channels out of SOZ before the subclustering of recurrent HFOs (Fig. 8, left  column) , we noticed that stereotyped HFOs perfectly overlapped with the SOZ and resection area (Fig. 8, right  column) . For each patient, the proportion of HFO subclusters inside the resection region at difference radius, ranging from 0.1-1 is also provided in Supplementary Fig. 3 .
Stereotyped ripple and fast ripple oscillations
Finally, we explored the spectral content of HFOs clustered by DBSCAN in all subjects to characterize the rate of repetitive HFOs in ripple and fast ripple ranges. Supplementary Fig. 4 summarizes the proportion of stereotyped ripples versus fast ripples clustered by using radius ranging from 0.1 to 0.4. Further increase in the radius resulted in the mixing of ripple and fast ripple events and hence was not investigated. At each e, the clustered HFO events were visually inspected by an expert and then were assigned to 'ripple' or 'fast ripple' category based on the time-frequency maps showing their spectral peaks in the high-band. Using e 4 0.4, the algorithm identified 683 stereotyped fast ripples in four patients. The initial subclusters identified by the algorithm were comprised mostly of HFOs above 200 Hz, suggesting that fast ripples represented the most stereotypical HFO patterns in these patients. As the cluster radius gradually increased, the number of clustered ripples started to grow and eventually dominated the repetitive HFO category. These results indicated that compared to ripples, the presence of repetition in fast ripples was more evident in these patients, as the majority of the fast ripples formed subgroups with small radius that were identified by the algorithm at the first place.
Discussion
We found that stereotypy of automatically detected HFOs was greater at the SOZ than elsewhere in 13 patients with focal epilepsy and five control subjects without epilepsy. HFOs were simultaneously detected from inside and outside the SOZ as well as the functional regions. HFOs were first categorized into three groups based on their spatial origins. Events in the sHFO group were generated from SOZ identified by neurologists through intracranial video EEG monitoring. The other two groups, namely oHFO and fHFO, were extracted from regions outside the SOZ and from functional sites as defined by DCS, respectively. We explored the characteristics of these three groups of HFOs in terms of their traditional features, such as frequency and rate of occurrence. The results were concordant with previous studies pointing out that sHFOs had higher frequency than those detected from outside the SOZ (Matsumoto et al., 2013) . However, the fact that there are substantial overlaps observed across these groups supported the view that spectral frequency is not a prominent feature to determine the pathological nature of HFOs (Engel et al., 2009) , or to assist in the discrimination between SOZ and eloquent cortex. Mixed events recorded using micro-and macro-electrodes also suggested that epileptic HFOs might overlap with physiological HFOs in both ripple and fast ripple bands (Worrell et al., 2004 (Worrell et al., , 2008 Le Van Quyen et al., 2010; Blanco et al., 2011) . Therefore, restricting the peak frequency of HFOs alone is not sufficient to assure that they are specific to SOZ.
As many of the previous studies have shown, the brain regions with a high rate of HFO activity often correlate with epileptogenesis (Bragin et al., 1999; Jacobs et al., 2008; Worrell et al., 2008) , and a complete resection of HFO-generative sites is likely to provide favourable surgical outcomes (Jacobs et al., 2010; Wu et al., 2010; Cho et al., 2014) . Nevertheless, not all HFOs were specifically linked to epileptogenicity, since they can be recorded from normal (Buzsá ki and Silva, 2012) or functional areas (Staba et al., 2002; Bragin et al., 2007; Girardeau and Zugaro, 2011; Kö hling and Staley, 2011) . The fact that channels with the highest HFO rate may correspond to non-epileptic functional areas increases the complexity of HFO application in epilepsy presurgical planning. Because injury to the eloquent regions may cause irreversible neurologic impairment to the patient, it is paramount to develop methods that could efficiently and reliably identify pathological HFOs specific to the epileptogenic zones. In our data the HFO rate presented a significant difference between sHFO and oHFO groups, which was consistent with previous studies demonstrating a strong correlation between HFO rate and the SOZ (Allen et al., 1992; Jirsch et al., 2006; Urrestarazu et al., 2006; Zijlmans et al., 2011) . Nonetheless, the difference in event rate between sHFO and fHFO groups showed no statistical significance, demonstrating that the rate alone may not be an accurate indicator to distinguish between SOZ and eloquent regions. It has been addressed that the use of HFOs in brain structures such as mesial temporal lobe (MTL) is limited by the inability to separate pathological HFOs from physiological activities generated over the same areas. Thus, an area with high HFO rate may not only represent an active epileptogenic region but also indicate active memory processing, which makes the current use of interictal HFOs for clinical decision premature . Consequently, any process to utilize HFOs for clinical decision-making must account for this fact that there will always be a channel with the highest HFO rate, even if the recording site does not include the SOZ. Besides the spectral peak and rate of the event, other properties such as signal amplitude and duration have also been investigated in studies, but the significantly overlapped distribution highlighted the fact that the use of conventional features was not adequate to separate pathological and physiological HFOs (von Ellenrieder et al., 2016) . In this study we had four MTL cases. In these cases, since we could not ensure that they were associated with learning and memory functions, the HFOs, which were generated from structures out of the SOZ channels, were assigned to the oHFO group. As shown in Fig. 8 , we observed that the oHFO group had irregular waveforms and most of the stereotyped HFOs were generated from the SOZ, not from the contralateral site. Our findings might be important in distinguishing between physiological and pathological HFOs in MTL epilepsy and further studies are needed to quantify the stereotyped HFO waveform patterns during controlled memory and learning tasks.
Recently, several studies suggested alternative methods to distinguish pathological HFOs by examining the interaction between high-band and low-band components of the signal. The investigators showed evidence that pathological HFOs commonly occurred before the peak of 'down' stage of slow waves (von Ellenrieder et al., 2016) , or modulated by activities within 3-4 Hz (Nonoda et al., 2016) . Yet these studies are limited by the restriction of the patients' states (rapid eye movement sleep) as well as the HFO identification process (visual review). In the current study we detected 'clones' of HFO events by applying a densitybased aggregated clustering method without presumption of any specific waveform pattern, and presented evidence that the sHFO group included small subclusters of stereotypical waveforms, whereas the fHFO waveforms were more irregular. The stereotyped patterns in sHFO were identified in all patients with SOZ regardless of the disease phenotype or implantation modalities. These results suggested that HFOs generated by epileptic tissues may present in a variety of morphological patterns such as on top of slow/sharp waves or spikes but tended to re-occur constantly throughout the recording. The oligomorphic waveform distribution of epileptic HFOs makes them distinguishable from non-epileptic HFOs, as the values of minimum radius necessary for detecting repetitive event subclusters and the areas under the clustering ratio curve in sHFO and fHFO groups showed very limited overlap. Examining the waveform patterns in the time domain enabled the separation of time series data with morphological distinctions, which might otherwise overlap in the frequency or time-frequency domains. Our results did not rule out the possibility that a random HFO pattern may still associate with the epileptic network, however it is conceivable that HFOs associated with a stereotypical pattern are more likely to be introduced by pathological circuits.
We observed that the most heterogeneous HFO patterns were seen in oHFO groups generated by cortical areas distant from the SOZ (Patients 6 and 7) or in fHFO groups where the events were detected from functional structures of epilepsy patients (Patients 9-13), as well as control subjects without seizure history (Controls 1-5). In our cases, each control subject was able to move the instructed hand or finger or responded to the stimulus in the correct way in the operating room and the detected functional areas were in accordance with anatomical landmarks and therefore these areas were accepted as normal functional regions. The inclusion of the control group provides important data regarding the spatial distribution of non-epileptic HFOs in patients without epilepsy. We noted that the clustering rate for fHFOs in the control cohort was very similar to the epilepsy cohort indicating that the nature of physiological HFOs is similar in these groups and repetitive waveforms barely originate from functional areas detected in these subjects.
By blindly detecting HFO waveforms for SOZ localization, the highly stereotyped HFO waveforms provided direct information of ictogenesis with a specificity of 100%. More importantly, we showed that the spatial origin of the most compact stereotypical HFO subclusters consistently linked to the SOZ also in difficult cases where multiple HFO generating sites were covered by electrodes, and where the HFO rate estimated from the entire pool was not a good discriminator for SOZ and other areas of the cortex. For instance, we noted that in those cases (Patients 9-11) where the electrodes covered both the SOZ and functional regions, the detection of stereotyped HFO events with the highest degree of similarity made more significant difference in the accuracy of SOZ identification compared to those cases (Patients 1-5) where the electrodes were sitting in deep brain structures and the surrounding areas.
Our observations also offered practical implications into the clinical utilization of HFOs to guide the epilepsy surgery. The unsupervised identification of repetitive HFO waveforms can be applied as a universal method without the aid of prior knowledge of any specific wave shape, which makes the approach more robust to inter-patient variation. These findings, when combined with appropriate methodologies, can provide an excellent tool for one to efficiently locate the 'core' HFOs that are highly indicative of the SOZ and separate them from eloquent cortices and other non-SOZ regions. In this context, to locate the highly stereotyped HFOs, we anticipate that one could slowly increase the radius with very fine steps until HFOs start to build the first cluster, where the corresponding channels could be used for the identification of SOZ. As an alternative strategy, an appropriate radius threshold might be estimated after executing a cross-validation procedure on a larger database. This threshold could also be adapted individually to different recording modalities obtained from depth and surface electrodes.
Our data showed that the rate and compactness of repetitive HFO waveforms are also related to the spectral content of the event. In particular, our method detected fast ripples in four patients, where we consistently observed a higher degree of waveform similarity compared to ripples, supporting the view that fast ripples might be better indicators for epileptogenesis (Bikson et al., 2003; Jacobs et al., 2010; Kö hling and Staley, 2011) . Early observations raised the hypothesis that fast ripples were distinctly pathological transients associated with the epileptic brain (Bragin et al., 1999) . From a cellular perspective, each pathological HFO event appears to represent co-firing of small groups of principal cells, which are pathologically interconnected (Bragin et al., 2007; Foffani et al., 2007) . Previous studies showed evidence that ripples were associated with rhythmic firing of presumed interneurons whereas fast ripples were believed to reflect abnormal synchronous burst firing of small independent neuronal clusters of principal neurons in areas of seizure onset (Bragin et al., 1999) . It has been demonstrated that fast ripples are generated by the bursting activity of hyperexcitable principal cells whereas larger networks contribute to the generation of ripples other than fast ripples. We speculate that the higher rate of stereotypical waveforms with more compact structure in fast ripples could be due to involvement of small clusters of neurons and related bursting patterns. The larger networks involved in ripple generation might increase the randomness in waveform structure. Compared to fast ripples, ripples are less preferred as clinical biomarkers because they are commonly generated from a larger area including both seizure foci and non-epileptic functional brain sites (Grenier et al., 2003; Engel et al., 2009) . It is likely that these physiological ripples will interfere with the HFO interpretation, and most of the proposed clinical studies, particularly the ones with automatic HFO detectors applied, investigated a mixture of both physiological and pathological activities (Kerber et al., 2014) . It is noteworthy that in our results the highly repetitive waveforms did not exist solely in fast ripple but also in ripple oscillations. We therefore speculate that the repetition in HFO is associated with enhanced pathological synchronization in neuronal populations, and thus may reflect the underlying neuronal substrates of epileptogenesis. This finding may introduce new avenues to describe pathological and physiological HFOs other than the current spectralbased characterization.
Our analysis of the multichannel iEEG data was executed using all recorded channels in a fully automatic fashion, which differs from most of the previous studies where the investigators commonly use retrospective visual review to select HFOs from limited datasets (Worrell and Gotman, 2011) . While recognizing that there is no clear demarcation between 'pathological' and 'physiological', so as the 'ripple' and 'fast ripple' HFOs, we sought to uncover the distinction between presumed HFO subclasses by utilizing unsupervised clustering technique to 'let the data speak'. It is expected that the characterization of 'cloned' signal patterns can give additional clues toward the simultaneous detection and discrimination of epileptic spikes, ripple, fast ripple, normal and pathological HFOs in human iEEG without labelling the events, which requires the existence of a yet unachievable accurate definition for different HFO subtypes. The method may benefit from the use of an extended length of recording, and need to be validated with a larger patient cohort.
